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Abstract
Antarctic moss communities, found in the spatially fragmented and fragile moss beds, can serve as
indicators of the regional impacts of climate change. Unmanned aerial systems (UAS) carrying visible and
near infrared (VNIR) sensors are a suitable nonintrusive mapping platform. UAS deployments in
Antarctica are, due to weather and logistical restrictions, infrequent and short, thus it is essential that field
time is optimized. This article identified the optimal spectral and spatial resolution of the UAS-based
sensors to facilitate efficient data acquisition without jeopardizing the accuracy of remotely sensed moss
health indicators. A hyperspectral line scanner was used to collect imagery of two moss study sites near
the Casey Australian Antarctic base. The spectral and spatial data degradation simulated two lightweight
sensors that could be used for more efficient spectral image acquisition in the future. These simulations
revealed that the spectral quality deteriorated more definitively at the spatial resolution where moss
spectra started to mix with spectra of surrounding rocks. Subsequently, random forest models (RFMs)
were trained with lab measurements for predicting chlorophyll content and effective leaf density. The
RFMs were applied to the UAS imagery of the reduced spectral and spatial resolutions to quantify decline
in accuracy of both indicators. We identified the optimal UAS sensor capable of mapping a relatively large
moss bed (∼5 ha) with the prediction accuracy similar to the hyperspectral system. This sensor would be
a frame camera acquiring 25 VNIR spectral bands at a spatial resolution of 8 cm. This developed
methodology has the potential to be adopted for other similar vegetation biophysical/chemical plant
traits.
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Optimizing Spectral and Spatial Resolutions of
Unmanned Aerial System Imaging Sensors for
Monitoring Antarctic Vegetation
Darren J. Turner, Zbyněk Malenovský, Arko Lucieer, Johanna D. Turnbull, Sharon A. Robinson

Abstract— Antarctic moss communities, found in spatially
fragmented and fragile moss beds, can serve as indicators
of the regional impacts of climate change. Unmanned Aerial
Systems (UAS) carrying visible and near infrared (VNIR)
sensors are a suitable non-intrusive mapping platform. UAS
deployments in Antarctica are, due to weather and logistical
restrictions, infrequent and short, thus it is essential that
field time is optimized. This study identified the optimal
spectral and spatial resolution of UAS-based sensors, to
facilitate efficient data acquisition without jeopardizing the
accuracy of remotely sensed moss health indicators. A
hyperspectral line-scanner was used to collect imagery of
two moss study sites near the Casey Australian Antarctic
base. The spectral and spatial data degradation simulated
two lightweight sensors that could be used for more efficient
spectral image acquisition in the future. These simulations
revealed that the spectral quality deteriorated more
definitively at the spatial resolution where moss spectra
started to mix with spectra of surrounding rocks.
Subsequently, Random Forest Models (RFMs) were trained
with lab measurements for predicting chlorophyll content
and effective leaf density. The RFMs were applied to UAS
imagery of reduced spectral and spatial resolutions to
quantify decline in accuracy of both indicators. We
identified the optimal UAS sensor, capable of mapping a
relatively large moss bed (~5 ha) with the prediction
accuracy similar to the hyperspectral system. This sensor
would be a frame camera acquiring 25 VNIR spectral bands
at a spatial resolution of 8 cm. This developed methodology
has the potential to be adopted for other similar vegetation
bio-physical/chemical plant traits.
Index Terms—UAS, hyperspectral, optical remote sensing,
resolution, spectra, resampling, Antarctic, moss, chlorophyll
content, leaf density
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I. INTRODUCTION

OLAR regions are experiencing significant rapid climatic
shifts, including large changes in temperature,
precipitation, wind patterns and speed and, in the Southern
Hemisphere, depletion of stratospheric ozone resulting in
increased UV-B radiation [1-3]. These climatic changes have
resulted in shifts in vegetation, especially as ice retreats [4-6].
In East Antarctica, while there is little evidence of surface
warming [7], recent studies have shown that even here the
biodiversity of terrestrial ecosystems is changing much faster
than was anticipated [8, 9]. These rapid changes in vegetation
highlight the need for efficient and effective monitoring
techniques to inform environmental management [8].
The short-stature, non-vascular vegetation (mosses and
lichens) of Antarctic terrestrial ecosystems grows very slowly
[10, 11] and can be more than a hundred years old [10, 12]. In
order to survive under the harsh environmental conditions,
Antarctic mosses have various mechanisms for overcoming
stress, including the production of various photoprotective
pigments (e.g. flavonoids, anthocyanins and carotenoids, [13,
14] Acute and chronic stress impacts induce physiological
reactions [15, 16] that trigger changes in moss functional traits.
Some of these biochemical and structural traits, e.g. moss turf
chlorophyll content and effective leaf density, have been
identified as good proxies of their health [17].
Highly variable local environmental conditions, particularly
water availability from snowmelt and cryogenic processes,
induce spatial changes in moss physiological stress responses
and their reflectance optical properties within short distances of
only tens of centimetres. The fragmented nature of the moss
beds demands that remotely sensed data is of a high resolution
such that the moss can be differentiated from other surface types
(e.g. rocks and soil). Therefore, we have developed several noninvasive spectroscopy-based methods for mapping the health
state of Antarctic vegetation from ultra-high spatial resolution
image data acquired with unmanned aircraft systems (UAS),
Tasmania, Hobart, 7001, Australia (e-mail: Darren.Turner@utas.edu.au,
Arko.Lucieer@utas.edu.au, and Zbynek.Malenovsky@gmail.com)
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known as drones [18, 19].
Antarctic field sites are remote locations with extremely
limited access. The logistic complexity of getting equipment
and personnel to the moss bed research sites means that data
collection are not only infrequent, but often short. The weather
also plays a key role, especially with the requirement of stable
irradiation conditions when collecting UAS imagery. The
challenges of antarctic (and similarly artic) fieldwork,
especially under time pressures, demand that fieldwork is well
planned and that data collection techniques are optimised. This
allows maximisation of the amount of high-quality data that can
be collected during short fieldwork opportunities. In the case of
UAS based research, it means that the type of sensor suitable to
achieve the scientific goals and an appropriate airframe must be
carefully considered before fieldwork commences.
The most common type of sensors found on-board a UAS are
visible spectrum (RGB) cameras. While these cameras are
excellent for producing an orthophoto, along with a Digital
Surface Model (DSM) of a given study area, they lack the
ability to measure surface reflectance in the near infrared (NIR)
part of the electromagnetic spectrum. The reflectance of
vegetation in the NIR is highly sensitive to changes in structural
traits of vegetation canopies [20]. To enable the measurement
of NIR reflectance with a UAS, one can use a multispectral
camera,
for
instance
the
Parrot
Sequoia
(www.micasense.com/parrotsequoia/) or the Micasense
Rededge-M (www.micasense.com/rededge-m/). These two
sensors collect 4 and 5 band multispectral imagery,
respectively, in the blue, green, red, red-edge, and near-infrared
wavelengths. The bands are generally broad (full-width-halfmaximum (FWHM) of 40 nm) with a narrower band (FWHM
of 10 nm) at the red-edge. Both sensors are equipped with an
incident light cosine-corrected sensor that allows spectral
images to be converted into reflectance values at sensor flying
altitude. These examples of widely used multispectral UAS
sensors are well suited for calculating standard broad-band
vegetation indices, which can provide a general qualitative
assessment of vegetation vigour.
Hyperspectral frame-based cameras are a relatively new type
of imaging sensor available for use on a UAS. Although a
comprehensive review of hyperspectral UAS sensors can be
found in [21] and [22], two examples are the MosaicMill Rikola
(www.mosaicmill.com/) and the Photonfocus MV1D2048x1088-HS02-96-G2-10 (www.photonfocus.com/). Data
from hyperspectral frame cameras can be processed the same
way as RGB imagery, but they have a broader spectral sampling
range of higher sampling rate and resolution. The Rikola and
the Photonfocus can collect UAS-based imagery of 50 and 25
bands, respectively, with a spectral range from 500 to 900 nm.
The spectral resolution of these cameras is also typically
between 5 and 10 nm allowing aquisition of a more detailed
spectral reflectance response. As with any instrument of such a
high spectral resolution, spectral and radiometric calibration is
essential and must be accurately performed to maintain data
integrity.
Hyperspectral pushbroom line-scanners provide the highest
spectral sampling and resolution available for UAS-mounted

sensors. Pushbroom sensors can collect hundreds of spectral
bands but this comes at the expense of data processing
complexity. Building an image from sequentially captured scan
lines, a pushbroom sensor requires detailed auxiliary pose
information for each scan line to be geometrically corrected.
Two examples of hyperspectral pushbroom sensors typically
found on a UAS are the Headwall Micro-Hyperspec and NanoHyperspec (www.headwallphotonics.com/) [23]. The NanoHyperspec is a UAS based turnkey solution with its own inbuilt
pose and data logging systems. It acquires 270 spectral bands
between 400 - 1000 nm with a FWHM of 6 nm. In comparison,
the Micro-Hyperspec operates in the same spectral range, but
with up to 324 bands with a FWHM of 4-6 nm. However, the
Micro-Hyperspec requires customised integration into a UAS
with a specialised image data and platform pose logging
system. Despite this complexity, Micro-Hyperspec sensors
have been successfully integrated on UAS ([24] and used in
several vegetation studies, e.g. [18] and [25]. The NanoHyperspec has also been used for research purposes in an
agricultural context by [26] and [27].
The range of UAS platforms available for remote sensing
purposes is constantly changing. At the time of writing, much
of the market is dominated by the range of DJI (www.dji.com)
multirotor platforms. The professional DJI products are
targeted at aerial videography, where aerial photography comes
as a secondary application. Nonetheless, the DJI industrial
platforms such as the Matrice 600 PRO or S-1000 have a large
payload capacity and can be easily adapted to carry a scientific
payload instead of the high-quality video or still camera
systems for which they were designed.
Customisable sensor payloads are essential when building a
UAS for carrying high spectral resolution cameras or
pushbroom scanners. These hyperspectral sensor payloads can
be heavy (~1 kg), and they often require larger external data
logging solutions with a large volume data interface, e.g.
Cameralink. A pushbroom imaging spectrometer will also
require a Global Navigation Satellite System and Inertial
Measurement Unit (GNSS/IMU) unit to measure and store
platform position and orientation during flight, which allows
later geometric corrections of image lines.
Simpler multispectral cameras are commonly carried onboard a fixed-wing UAS, but the available volume within the
fuselage is often limited, restricting the use of more advanced
sensors. Hence, the complexity of a hyperspectral payload often
means that it is simpler to integrate on a multi-rotor UAS. A
fixed-wing with a large (~ 3 m) wingspan may have a fuselage
large enough to contain an advanced payload. Moreover, a
fixed-wing UAS is more suited (due to its flight characteristics)
for mapping larger areas (> 10 ha), which are, however, much
larger than any moss bed found on the Antarctic continent.
Multi-rotor UAS allow for low and slow flight, which is
beneficial for acquisition of ultra-high spatial resolution
imagery (<10 cm pixel size).
Besides the operational aspects of performing fieldwork in
polar regions, there is a global demand for standardised
mapping methods allowing for temporal monitoring of
vegetation communities. Regular stress assessment of these
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vulnerable, moss-dominated Antarctic ecosystems at regional
scale is the only way to improve our understanding of their
highly dynamic physiological processes, and consequently to
preserve their genetic variability, species biodiversity and
ecosystem functionality. This requires a standardised research
approach, and protocols that allow a full comparison of field
observations. Such methods would have potential for use not
only across coastal regions of Antarctica but also in high Arctic
tundra regions, similarly characterised by patchy small stature
simple vegetation, often in remote and inaccessible locations
[28,29,30].
Due to the logistical and scientific challenges, there is a need
to determine an optimised sensor/airframe combination for
quantitative spectral remote sensing of polar plant
communities. Thus, the objective of this study is to identify the
optimal spectral and spatial specifications of an optical sensor
deployable on a UAS, which will allow mapping of the
physiological state of moss vegetation growing along the
Antarctic coast more efficiently, accurately and in a
standardised fashion. In this paper, we used ultra-high spectral
and spatial resolution imaging spectroscopy data [17] to
simulate a selection of commercially available small-size UAS
spectral sensors. We analyse potential performance of such
sensors at various spatial resolutions (see Figure 1). This study
provides a basis for future operational large-scale vegetation
monitoring within the Antarctic Nearshore and Terrestrial
Observing
System
(ANTOS)
initiative
(www.scar.org/science/antos/antos/), and for future efforts in
spectral and spatial scaling of unmanned airborne observations
towards suitable space-borne image data.
II. METHODS
A. Field sites
The UAS hyperspectral data used for this study were collected
at two sites near the Australian Antarctic station Casey. The
first, site known as Robinson Ridge, is located 10 km south of
Casey station. The second site lies within the Antarctic Special
Protected Area 135 (ASPA135), located about 500 m east of
Casey Station. Terrestrial vegetation in this region consists of
four bryophyte species, which dominate wetter areas along with
cyanobacterial mats and algae, with multiple lichen species
dominant in the drier regions [31]. As described in [8], this
sampling represents two of the four major moss beds which
occur in the region with detailed descriptions of both sites in
[8], [13], [17] [18], [32], [33] and [34]. The hyperspectral data
for Robinson Ridge were collected on the 5th February 2013 at
around 1 hour before solar noon and at ASPA135 on the 8th
February 2013 at around 1 hour after solar noon (see Figure 2).
Despite the strips of data being quite small (approximately 25 x
10 m) they represented the main areas of moss at each site with
the area mapped being approximately 30% of the entire moss
bed. The Robinson Ridge acquisition took place under overcast
conditions with primarily diffuse light. The ASPA135
acquisition took place under sunny blue sky conditions with
minimal presence of high cirrus clouds.

The two sites differ quite significantly in topography and
consequently also in drainage of water from snowmelt.
Robinson Ridge has an elevation of 18.5 m around the southern
extent, sloping at an approximate angle of 5.2 degrees down to
an elevation of 7.5 m around the northern extent. Therefore,
moss tends to grow in the drainage channels, where both
moisture and nutrients are available. The healthiest moss is
typically found along these narrow channels with a few larger
patches found where the terrain flattens out. In comparison,
ASPA135 is bowl shaped with a flat central area supplied with
sufficient snowmelt water to enable large patches of continuous
moss coverage to develop (see Figure 2).
B. Platform and sensors
The platform used to collect the hyperspectral image strips
was a custom built multi-rotor helicopter Droidworx Skyjib
[24]. Details on the development of this platform can be found
in [24]. The Skyjib was flown in several single strips over the
moss beds manually as autonomous navigation was unreliable
due to the weak magnetic field and magnetic declination greater
than 90 degrees (~100 degrees West).
The sensor used to collect the hyperspectral images was a
Headwall Photonics Micro-Hyperspec visible and near infrared
(VNIR) pushbroom scanner (Headwall Inc., USA). The total
instrument payload is 3 kg made up of; the sensor weighing just
under 1 kg and ancillary devices to log the scan lines and
GNSS/IMU data that weigh approximately 2 kg. The MicroHyperspec acquired imagery with 162 spectral bands between
361 and 961 nm with FWHM between 4 and 5 nm. Flying at a
height of around 12 m above ground level, the acquired image
data had a ground resolution of 4 cm per pixel.
A detailed description of the hyperspectral sensor, data
logging system, spectral and radiometric calibration, and
geometric correction techniques can be found in [18] and [24].
In summary, the spectral calibration was achieved by exposing
the Micro-Hyperspec to a mercury-argon calibration source and
well-defined peaks in the sensor’s spectral signature were
matched to 13 mercury-argon emission lines of known
wavelengths. Radiometric calibration was achieved by
collecting Micro-Hyperspec data whilst the sensor was pointed
into an integrating sphere producing a uniform light of
calibrated irradiance levels. The UAS data was also corrected
for atmospheric effects by applying the empirical line
correction [35], which made use of five spectrally
homogeneous isotropic targets with known reflectance
(between 5% and 65%) placed in the area during the MicroHyperspec acquisitions.
Although the hyperspectral image flight lines were collected
with 162 spectral bands, 25 bands had to be removed from the
lower end and 39 bands from the upper end of the spectral range
due to an unacceptably high sensor noise. This left 98 spectral
bands between 492 - 852 nm that were used for analysis in our
study (see Table I).
Geometric correction was achieved via a dense network of
50 Ground Control Points (GCPs). The GCP positions were
measured with survey-grade real-time kinematic GNSS

4
receivers, achieving an absolute geometric accuracy of 2 to 4
cm, and which were later located on the hyperspectral images.
All images were transformed into the map coordinate system of
WGS84 UTM zone 49 South by a rubber sheeting triangulation.
C. Collection of verification ground targets’ reflectance
To verify accuracy of the UAS hyperspectral image
radiometric and atmospheric corrections, ground reflectance of
several spatially homogeneous and visually healthy moss
patches was measured with an ASD HandHeld-2
spectroradiometer (ASD, Inc. & PANalytical, Boulder,
Colorado, USA) just after each hyperspectral image acquisition
(under similar lighting conditions). Three measurements per
target were acquired in a triangular formation (~25 cm along
each side) in the nadir viewing direction from a distance
ensuring that the ground footprint size was comparable with the
image pixel-size of 4 cm. The reflectance measurements
(wavelength range 325 – 1075 nm, spectral sampling of 1 nm
and FWHM approx. 3 nm) were spectrally referenced in the
field against a nearly 100% reflective Lambertian Spectralon™
standard.
The locations of the field spectra were marked in the
hyperspectral image strips by small orange markers. Three
spectra were extracted from the hyperspectral image around the
markers in a similar pattern to the spectra collected in the field.
The image reflectance spectra were retrieved for 7 moss patches
in the ASPA135 image and the 10 moss patches in the Robinson
Ridge hyperspectral image.
D. Modelled sensors and resampling methods
An objective of this study is to optimize the spatial and
spectral resolution of UAS image collection. To achieve this
goal, we down sampled the hyperspectral data spatially and
spectrally. The spatial resolution of the geometrically corrected
hyperspectral images was resampled to a lower resolution with
the ENVI software package (Harris Geospatial). The 4 cm
spatial resolution was first reduced to 8 cm via the aggregation
algorithm, i.e. averages of a 2 x 2 pixel moving window applied
to the full-resolution data were assigned to the equivalent pixels
in the 8 cm resolution image. This process was repeated to down
sample the images further to 16 and 32 cm resolutions.
To analyze the effect of reducing the spectral resolution of
the data, we chose spectral specifications of two commercially
available sensors that may be installed on a UAS. The first is
the
hyperspectral
frame
camera
Photonfocus
(http://www.photonfocus.com/), which is a frame hyperspectral
camera with a 5 × 5 mosaic of spectral Fabry-Pérot filters
repeated across the image array. Specifically, we simulated the
MV1-D2048x1088-HS02-96-G2-10 model, which has 25
spectral bands with FWHM of 4 - 7 nm, ranging from 600 - 975
nm (see Table 1). Since there was in-sufficient spectral overlap
between the bands of the Photonfocus and the hyperspectral
imagery, only 17 bands (612 – 842 nm) were reproduced and
tested. The second tested camera was the multispectral Parrot
Sequoia (www.parrot.com), which has been designed

specifically for UAS use and is popular in the UAS remote
sensing community. The Sequoia has 4 spectral bands: 550,
660, 735, and 790 nm with FWHMs of 40, 40, 10 and 40nm,
respectively (see Table 1). It has been marketed as specifically
designed for monitoring the health of vegetation, such as
agricultural crops.
To simulate the Photonfocus and Sequoia sensors, the 98
band hyperspectral image data were resampled into 17 and 4
bands, respectively, in ENVI using their central wavelengths
and their respective FWHM and applying a Gaussian
resampling method. Besides hyperspectral images, the spectra
collected for this study at ground level with an ASD field
spectrometer were resampled and convolved to match the
wavelength range and FWHM of the image spectra using the
spectral
python
(Spy)
package
(see
http://www.spectralpython.net/).
E. Spectral comparison
To compare how well the spectral signatures in the imagery
match the validation spectra collected in situ, we used the
Spectral Angle Mapper (SAM) metric [36]. SAM is a
commonly used technique for comparing spectral signatures
([37] and [38]), assessing their spectral similarity by calculating
the angle between two spectral vectors in n-dimensional feature
space [38]. Three validation spectra and three corresponding
image spectra were collected (see Section II.C) and
subsequently averaged for each designated validation site
within the study areas. The spectral comparison was, therefore,
performed between two mean spectra at each validation
location. Figure 3 shows comparisons of four example spectra
collected at the ASPA site. SAM was calculated for spectra
from all moss sample areas for both ASPA and Robinson Ridge
sites with the equation given as:

𝑆𝑆𝑆𝑆𝑆𝑆 = cos −1 �

∑ 𝑠𝑠𝑚𝑚 𝑠𝑠𝑖𝑖

�∑ 𝑠𝑠𝑚𝑚 2 �∑ 𝑠𝑠𝑖𝑖 2

�

(1)

where sm is the mean moss spectral signature and si is the mean
image spectral signature being compared.
F. Creation of Regression Random Forest Models
A moss drought-stress rehydration experiment was
conducted in the Antarctic, Casey Station laboratory during the
2012–2013 vegetation season to establish a relationship
between spectral reflectance and moss turf photosynthetic
pigment content (Chlorophyll a+b, denoted Ca+b). Ca+b of 16 turf
sections of three Antarctic moss species (Bryum
pseudotriquetrum, Cerotodon purpureus and Schistidium
antarctici) were collected in the field and maintained in the
laboratory for 31 days under varying irrigation but constant
temperature (25°C) and low light regimes (16 hr light and 8 hr
dark) to induce their acute drought-stress reactions. Reflectance
spectra of the moss samples were measured regulary (every 6
days, +/- 1 day) with the ASD HandHeld-2 spectroradiometer
(for technical specifications see Section II.C), resulting in 80
spectral signatures. Simultaneously, part of their tissue was
collected and kept frozen at – 80°C for determination of Ca+b
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content. Samples were later extracted for biochemical analysis
in laboratories at the University of Wollongong (Australia). A
second independent dataset of 73 S. antarctici samples, which
were collected and measured at Casey station in 1999, was used
to establish the link between measurements of moss Efficient
Leaf Density (ELD) and corresponding reflectance signatures
[17]. Leaf density was measured for five randomly selected
moss gametophytes, carefully dissected from turfs. The number
of moss leaves was counted in the top 3.5 mm of each shoot
using a Leica Wild binocular microscope (Leica Microsystems,
Gladesville, NSW, Australia). Mean LD per 1.0 mm of shoot
length was calculated as described in [2]. More detailed
information about both experimental datasets that were used to
train predictive machine learning algorithms of this study is
available in [17] and in [35]. Their descriptive statistical
characteristics are provided in Table 2.
We have demonstrated in previous studies [19] that Random
Forest Models (RFMs) are a powerful tool for predicting the
biophysical properties of Antarctic mosses. RFMs are a
commonly used and robust machine learning algorithm that are
not prone to overfitting [40]. This study does not seek to test
machine learning algorithms in great depth, rather is seeking to
quantify the effect of changes in spatial and spectral resolution.
Therefore, in this study, similar to our previous work, we used
regression RFMs to predict moss Ca+b and ELD as suitable moss
stress indicators [17, 18]. The RFMs were implemented in the
Python programming environment, utilizing the Scikit-learn
machine learning module (see http://scikit-leanr.org/stable).
Spectral resampling of the laboratory moss spectra was done
with a spectral convolution as described in Section II.D. In total
six RFMs were trained to predict ELD and Ca+b, i.e. one per
stress indicator for the three sensor wavelength combinations
(see Table 3).
When creating an RFM, a common practice is to retain some
of the training data to be used as test data to validate the RFM’s
accuracy [41]. However, because the aim of this study was not
to prove that the RFMs can accurately predict ELD and Ca+b
content, but rather, to demonstrate how the model is affected by
changes in spectral and spatial resolution, we used all the labbased datasets for training without retaining testing/validation
subsets. This way we could produce the most robust RFMs
possible, which means that any changes in the model accuracy
is expected to be due to the degradation (spectral and spatial
resampling) of the input data rather than due to the lack of
model robustness.
G. Analysis of model performance
The Normalized Root Mean Squared Error (NRMSE) of an
RFM, when applied to the complete training dataset, was used
as a measure of RFM accuracy. NRMSE was calculated as a
standard RMSE divided by the range of the observed variable
(see Table 2). The aim was to provide a measure of RFM
performance that can be seen to vary with spectral resampling
of the input data.
Several model parameters had to be optimized to ensure
maximum possible performance of the RFMs for changing
input data. Although the default values for many of these

parameters can be adequate, we have previously demonstrated
that model performance can be improved via careful and
systematic adjustment of some of the critical parameters [19].
The number of trees in the RFM is an important adjustable
parameter. Several studies have reported that as few as 100 trees
can be used [42], whilst others [41, 43] have used up to 500
trees to increase the accuracy of their RFM. For this study, the
number of trees was iteratively adjusted until the NRMSE had
minimized and stabilized.
The number of input variables that are considered at each
split in the RFM (known as max_features) has also been found
to have an effect on RFM performance [19]. If the data is too
noisy, reducing the number of features can improve the model
performance [44]. In case of a regression RFM, as used in this
study, [45] proposed that a non-default value for the number of
features may improve the RFM accuracy. In a similar manner
to the number of trees, the number of input features was
iteratively adjusted while the NRMSE was observed to find the
optimal value.
III. RESULTS
A. Spectral similarity
SAM was calculated for the image and the ground validation
spectra collected at each moss site (10 at Robinson Ridge and 7
at ASPA135), as described in Section II.C and II.E. It was
calculated repeatedly for spectrally and spatially resampled
images and compared to their respective validation spectra.
Where image spectra were spectrally convolved to fewer bands,
e.g. 17 bands of the Photonfocus camera, the validation spectra
were also convolved to the same spectral bands to perform a
valid comparison. The effect of spectral and spatial resampling
on the spectral similarity can be seen in Figure 4.
An important factor having a strong effect on spectral
similarity is the spectral mixing of pixels as the image spatial
resolution reduces. In other words, as the pixel size increases,
the moss spectral signature is likely to be corrupted by
neighboring non-moss surfaces, such as rocks and soil. To
quantify this effect, the image neighborhoods around the
locations from which moss spectra were extracted (up to 8 x 8
pixels, area of 1024 cm2) were examined. During this manual
examination, the non-moss pixels were identified and recorded
visually. The change in the amount of non-moss pixels as a
function of decreasing spatial resolution, depicted in Figure 5,
revealed a clear difference between the amount of non-moss
pixels at each study site, which corresponds with the differences
in spatial homogeneity at each study site. As the spatial
resolution is reduced, the amount of pixel mixing increases
faster at Robinson Ridge due to more fragmented and
heterogenous spatial pattern of existing land covers.
B. Performance of RFM models
As pointed out in Section II.G, it is important to optimize the
RFM parameters, such as the number of trees in the forest and
the number of variables. Figure 6 shows that the NRMSE
became stable once the number of trees increased to 500. A
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similar result was found for other five RFM combinations (see
Table 3). The other RFM parameter that can require
optimization is the number of variables considered at each split
by the RFM. The results of iterative optimization in Figure 7
indicate the optimum was achieved for a default value of 100%.
The same result was found for the remaining five RFM
combinations.
Figure 6 and Figure 7 demonstrate that 500 trees and a value
of 100% for the max_features parameter are optimal values for
the RFMs predicting Ca+b and ELD. The six combinations of
RFMs were consequently trained with these parameters
iteratively 1000 times. The NRMSE (normalized against the
error when Ca+b and ELD were calculated for laboratory
samples) of each model run was recorded and analyzed as
shown in Figure 8. There is a clear pattern observable in Figure
8a, where the NRMSE increases for Ca+b estimations as the
spectral resolution is decreased. However, the pattern is not the
same for ELD in Figure 8b, where the lowest and highest
spectral resolution RFMs provided a similar NRMSE.
C. Accuracy of Ca+b and ELD maps from resampled imagery
The RFMs were trained on the lab data (see Table III) for
each spectral resolution and each target variable (Ca+b and ELD)
and were then applied to the hyperspectral imagery of varying
spectral and spatial resolutions at each study site. Since, the
98_Cab and 98_ELD RFMs provided the highest spectral and
spatial resolutions available, the outputs of these models were
considered as reference and used as the point of comparison for
the remaining RFMs. This means that NRMSE was calculated
for each of the downsampled models on a per-pixel basis and
was compared to the equivalent pixel area in the reference
image. The results for Robinson Ridge and ASPA135, for both
Ca+b and ELD at each different spatial and spectral resolution,
can be seen in Figure 9.
IV. DISCUSSION
Although several studies have investigated spectral and
spatial degradation of hyperspectral satellite and airborne data
in a similar manner, our study revealed some new insights. For
example, [46] degraded hyperspectral data both spectrally
(reduced the number of bands by a constant ratio) and spatially
(halving the resolution each time) and assessed the effect on the
automatic classification of tree species. They found that the
SAM classification gave the best results when the spectral
resolution was highest and when the spatial resolution had a
pixel size smaller than the tree crown diameter. However, they
did not resample their data spectrally to simulate currently
available UAS sensors, as we did in this study. [47] employed
a similar strategy and resampled ASD signatures to the spectral
resolution of the Quickbird multi-spectral satellite sensor. After
investigating classification accuracies for various resolutions,
they concluded that higher spectral and spatial resolutions have
the potential to improve the classification of savannah tree
species. Yet, they did not carry out any spatial resampling tests.
Results of the spectral similarity comparison in Section
III.A demonstrate how the image reflectance signature is

affected by spatial and spectral reduction in comparison to the
ground acquired validation spectra. As reported by [46], we
found a decrease in spectral similarity as the spatial resolution
was decreased for both study sites (see Figure 4) and all sensor
settings (98, 17, or 4 bands). This is due to the reflectance
signatures of non-moss pixels being mixed with the reflectance
of pure moss as the pixel size increases, as shown in Figure 5.
It also demonstrates that for the ASPA135 site this effect was
not as strong as for the Robinson Ridge site, due to more
spatially and spectrally homogeneous landscape of ASPA135
(as described in Section III.A). The reduced amount of
spectrally mixed pixels at ASPA135 also explains why the
increase in the spectral dissimilarity is smaller. Results in
Figure 4b suggest that image spectra of lower spectral (17 and
4 bands) and spatial resolutions have a greater similarity to the
validation spectra than the 98-band image spectra. This can be
explained by the fact that matching spectra with fewer spectral
bands is less complex, since only a few bands are compared,
and therefore better matches are more likely. Yet, the 17 and 4
band spectra also show the effect of pixel spectral mixing when
the spatial resolution is reduced.
The NRMSE of the RFM trained to predict Ca+b increased
as the number of bands was reduced from 98 to 4 (see Figure
8). The pattern is, however, not the same for the ELD RFM, as
the 4-band and the 98-band models resulted in similar
NRMSEs. This is related to the fact that, opposite to Ca+b
molecules causing absorption of photosynthetically active
radiation, ELD is a structural moss trait triggering mainly
scattering of photons. As described in [17], a higher ELD
increases penetration and scattering of NIR light in lower parts
of the moss canopy vertical profile and consequently decreases
NIR reflectance due to a higher probability of photon
absorption. This biophysical process is more generic and less
sensitive to the simulated decrease in spectral resolution than
the Ca+b absorption producing a specific spectral feature
between 650 and 720 nm. This means that, contrary to ELD,
Ca+b cannot be properly represented by fewer and broader
spectral bands, and hence produces generally lower but
systematically increasing relative prediction errors.
The accuracy of the RFMs predicting Ca+b and ELD is
affected not only by changes in spectral but also spatial
resolutions (Figure 9). Looking at results in Figure 9a and
Figure 9b, showing the change in NRMSE for the Robinson
Ridge study site, one can conclude that for 5 out of the 6 tested
models the accuracy decreases as both resolutions decrease.
This is consistent with a higher spectral mixing of moss pixels
with pixels of other surrounding surfaces occurring at this site
(see Figure 5). The only model not following this pattern is the
4-band Ca+b model, which shows a relatively high error across
all tested spatial resolutions. The 4-band Ca+b model also
performs poorly at the ASPA135 site, which is less impacted by
the pixel mixing than the Robinson Ridge model. These results
confirm the inability of any of the 4-band models to quantify
Ca+b with sufficient accuracy regardless of spatial resolution,
which is consistent with the previous discussion suggesting that
4 broad spectral bands are unable to sufficiently characterize
the shape and the depth of the Ca+b absorption feature across the
red and red-edge wavelengths. The remaining Ca+b predicting
models for the ASPA 135 site show limited reduction in
accuracy as spatial resolution is decreased, which corresponds
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with a less intensive pixel spectral mixing at this site (see Figure
5).
The results of this study indicated that, in terms of spectral
resolution, the Ca+b and ELD RFM using 17 spectral bands can
produce estimations of a similar accuracy to the predictions
from 98 bands, regardless of actual spatial resolution (see
Figure 9). As discussed above, the 4-band RFM predictions are
generally worse, especially for Ca+b estimations. In terms of
spatial resolution, the 17-band RFM predictions retained the
prediction accuracy at the pixel size of 8 cm, but as the spectral
signal degrades with further pixel mixing the accuracy of the
predictions became poorer (0.25 NRMSE for ELD at the
Robinson Ridge site). These outcomes suggest that the spectral
sampling could be reduced to 17 bands and the spatial
resolution to 8 cm without a significant reduction in Ca+b and
ELD prediction accuracy, as long as the spectral bands stay
narrow (i.e. the band width of 4-7 nm). This means that a
hyperspectral frame camera, such as the Photonfocus simulated
in this study, could potentially be used to collect image data that
would be sufficient for retrieving physiological properties of
Antarctic moss beds.
A rigorous review of the various types of spectral UAS
sensors and their advantages and limitations was recently
published by [22]. Indeed, all imaging spectroscopy line
scanners or frame cameras will need to be properly spectrally
and radiometrically calibrated to be successful in assessing the
biophysical moss stress indicators. The imagery acquired by the
spectral sensor must be able to maintain a sufficiently high
spectral quality under varying environmental and lighting
conditions. Radiometric spectral calibration ground targets will,
therefore, be essential for performing and validating corrections
of atmospheric conditions influencing the spectral signal at the
time of image acquisition. Although this study has simulated
specific spectral performance of the commercially available
Photonfocus sensor, the results still need to be verified by realworld tests.
Approximately 5 km to the North-East of the Australian
Casey station, on the Clarke Peninsula, lies an extensive moss
bed within the ASPA136. With an extent of approximately 5.5
ha, it is considerably larger than moss beds at ASPA135 and
Robinson Ridge study sites (see Figure 10). To test if such an
area can be mapped efficiently with the Photonfocus, we
simulate a flight plan that would capture 8 cm resolution
imagery and investigate its feasibility. A flying height of 47 m
above ground level would be required to obtain 8 cm imagery
with the Photonfocus camera using a 16 mm lens (field of view
~ 38°). To achieve 70% image overlap (sufficient for image
processing and mosaicking), the flight plan would be composed
of approximately 25 flight lines (flown in a North-West to
South-East direction), resulting in a total flight distance of ~5.5
km. Forward overlap requirements would allow the airframe to
fly at 4 ms-1 during this mission, resulting in a total flying time
of 22 minutes to cover the entire area of interest. An airframe
such as a DJI Matrice 600 (www.dji.com) or similar heavy-lift
multi-rotor could fly for 12-15 minutes whilst carrying a
Photonfocus and all the required data logging equipment. Thus,
the whole mapping mission could be completed safely in two
flights taking around 30-40 minutes, allowing extra time for
take-offs, landings and battery changeovers. Based on these
calculations, it appears that currently available platforms and

sensors with a sufficient spectral performance could be used to
collect image data suitable for quantitative monitoring of the
Antarctic moss vigor. This conclusion still requires assessment
of the spectral sensor from the perspective of practical
applicability and operational requirements, especially in harsh
Antarctic weather conditions.
V. CONCLUSIONS
This study investigated optimal spectral and spatial
specifications of a UAS-based optical sensor for reliable
quantitative mapping of physiological health indicators of
Antarctic moss vegetation, particularly chlorophyll a+b content
expressed in nmol/g of dry matter (Ca+b) and Effective Leaf
Density (ELD) measured per mm shoot length. A high spectral
sampling (number of bands) and a detailed spectral resolution
(narrow FWHM) were found to be more important for
biochemical estimation of Ca+b than for quantitative assessment
of the structural ELD parameter. Spatial resolution, a pixel-size
larger than 8 cm, was found to have a similar negative impact
on estimation accuracy of both stress indicators. This is caused
by a high spatial fragmentation of moss canopies, which results
in significant spectral mixing with surrounding abiotic rock
surfaces.
Results demonstrated that a commercially available
lightweight hyperspectral frame camera, such as the
Photonfocus (Table 1), should theoretically provide image data
of sufficient spectral and spatial specifications for operational
mapping of polar vegetation health traits. This conclusion is,
however, based on the assumption that sensor performance,
especially spectral and radiometric quality, provides spatially
and spectrally reliable reflectance signatures of investigated
ground targets. The ability to achieve a consistent spectral and
radiometric quality with small-size hyperspectral frame
cameras, in comparison to larger pushbroom line scanners,
should not be neglected. When used for quantitative remote
sensing, both the calibration necessity and a low spectral
resolution should be considered before using broadband multiand hyper-spectral frame cameras.
Despite the fact that this research was carried out on
Antarctic mosses as experimental plants, the approach is
adaptable for retrieving similar health indicators, e.g.
chlorophyll a+b content expressed per leaf area or the leaf area
index, of other short-stature polar plant functional types, such
as cushion plants and grasses. It is adjustable and transferable
to other geographic locations, as for instance (sub-)Arctic or
high-altitude mountain regions. Additional plant stress
compounds, such as anthocyanins and carotenoids, could be
also measured by means of similar imaging spectroscopy
methods. However, the most advantageous aspect of the
quantitative remote sensing estimations of vegetation traits is
their expression in SI units, which allows for direct accuracy
assessment against field and laboratory standardized
measurements. Hence, the assessment presented in this study
can contribute to developing standardized data collection
protocols for the international Antarctic Nearshore and
Terrestrial Observing System (ANTOS) initiative.
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UAS image
acquisition and
preprocessing.
Section II.B

Ground validation
spectra acquisition.
Section II.C

Spectral comparison,
performed at 4 – 32 cm
with
4, 17, and 98 bands
Sections II.E and III.A

Apply RFMs to
4 – 32 cm image data with
4, 17 and 98 bands

Lab spectra and
leaf trait
ELD and Ca+b
measurements
Section II.F

Train RFMs to
predict ELD and
Ca+b from
4, 17, and 98 bands
Section II.F

Sections II.E and III.A

Figure 1 - Experimental workflow showing how each data source is used to test the effect of changes in spatial and spectral
resolution.

11

Figure 2 – Hyperspectral false color composites (Red : 800 nm, Blue : 670 nm, Green : 500 nm) of Robinson Ridge and ASPA135
research sites highlighting areas of photosynthetically active moss (red) and the rocky areas (map coordinate system: WGS84
UTM49S). Green circles denote location of ground spectra for sites 5, 6, 10 and 12 by way of example.
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Figure 3 – Example comparisons between moss validation spectra and image spectra for the ASPA moss sites; a) number 5, b)
number 6, c) number 10 and d) number 12. Reflectance is given as mean of signatures with error bars showing ± max/min for the
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instruments (field of view of the ASD spectrometer contained a bit less (b) or more (d) stressed moss turf than the
spatial pixels extracted from the hyperspectral images).

Angle Difference (Radians)

0.3

ASPA135

Robinson Ridge

ASPA135

Robinson Ridge

ASPA135

Robinson Ridge

0.25
0.2
0.15
0.1
0.05
0

98 Bands

17 Bands

4 Bands

13
Figure 4 –Spectral similarity of image spectra and ground validation spectra as derived from SAM. All combinations of spectral
and spatial resampling shown for 7 moss sites at ASPA135 and 10 moss sites at Robinson Ridge. Boxes denote quartile ranges,
whilst error bars show minimum and maximum values for each set of 7 and 10 moss sites respectively.
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Figure 5 – Manually identified number of non-moss pixels across all moss sites of each study area for different spatial
resolutions (note: only pure moss pixels were selected for the starting spatial resolution of 4 cm).
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Table I - Details of sensors used for training of the Random Forest Model (RFM) regression.
Sensor
Headwall
Micro-Hyperspec
Photonfocus MV1-

No. of
Instrument
bands
162

Instrument
Wavelength
Range (nm)
400 - 1000

Instrument
FWHM
(nm)
4-5

No. bands
used for RFM
98

Wavelength
Range used by
RFM
492 - 852

25

600-975

4-7

17

612-842

4

550 - 790

10-40

4

550-790

D2048x1088-HS02-96-G2-10

Parrot Sequoia

Table II – Basic statistic for the two variables of interest acquired from moss samples during laboratory experiments at Casey
polar station (more details in [17] and in [35].
Observed Variable

Units

Min

Max

Chlorophyll a+b Content
(n=80)
Effective Leaf Density
(n=73)

Nmol per g of dry
matter
Leaves per mm of
shoot length

20

1446

Standard
Deviation
325.46

5.2

14.74

2.57

Table III - Inputs and outputs of the six trained RFMs.
Model Name
ELD_98
ELD_17
ELD_4
Cab_98
Cab_17
Cab_4

Modelled output
Leaf Density
Leaf Density
Leaf Density
Chlorophyll a+b Content
Chlorophyll a+b Content
Chlorophyll a+b Content

Input bands
98
17
4
98
17
4

Median
452.27
7.83

